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Alternative: a combined model
Optimal estimation 
(Rodgers, 2000) has 
been used for 
decades in NASA’s 
atmospheric sounding 
(OCO-2, AIRS, TES, 
et cetera).
Here we extend it to 
VSWIR imaging 
spectroscopy
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Optimal Estimation advantages
• Improved accuracy - a true spectroscopic retrieval to 

exploit information distributed across the spectrum
• Statistical rigor incorporates and weights information 

appropriately using measurement and prior information
• Uncertainty propagation can incorporate instrument 

uncertainty, inform downstream analyses and synthesis
• Flexible state vectors that might be more robust for 

difficult observing conditions
• Elegant, conceptually simple 1-step estimation
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The “forward problem”
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The “inverse problem”
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Maximum A Posteriori solution
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Maximum A Posteriori solution
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Reduces to the optimization:

… solve it by conjugate gradient descent.
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Iterative simultaneous estimation of 
atmosphere and surface

13

'𝛘! 𝐱 = ( )𝐅(𝐱) − 𝐲 𝐓 𝐒𝛜$% 𝐅 𝐱 − 𝐲 + 𝐱 − 𝐱𝐚 𝐓 𝐒𝐚$% (𝐱 − 𝐱𝐚

Bayesian priorModel match to measurementCost
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radiance
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Imaging 
spectroscopy  
case study
[Thompson et al., Remote Sensing 
of Environment 2018]
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• In-situ Reagan sunphotometers
and ASD spectrometers

• Maximum a posteriori retrieval 
via optimal estimation formalism

• Full uncertainty accounting for 
atmosphere, instrument, surface
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Instrument: AVIRIS-NG 
• Instrument model with Wavelength- and 

signal-dependent SNR 
• Photon shot & read noise
• Uncorrelated calibration uncertainty 
• Systematic calibration / RT uncertainty

Atmosphere: MODTRAN 6.0 RTM
• DISORT MS, Correlated-k 
• Rural aerosol model
• broad prior uncertainties
• Unmodeled unknowns, including H2O 

absorption coefficients
• H2O, AOD retrieved 

Surface: Multi-component Multivariate 
Gaussians
• Prior based on universal library, highly 

regularized to permit accurate retrieval of 
arbitrary shapes

• Reflectance retrieved independently in 
every channel
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Pre-defined
Statistical, fit to data
Retrieved in the inversion

Instrument: AVIRIS-NG 
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Radiance model vs. measurement
[Thompson et al., Remote Sensing of Environment 2018]
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Reflectance estimate vs. in situ 
[Thompson et al., Remote Sensing of Environment 2018]
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Performance
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1.7 1.75 1.8 1.85 1.9 1.95 2 2.05 2.1 2.15 2.2
H2O Column precipitable water vapor (cm)

Green Astroturf (CIT)

Red Astroturf (CIT)

Beckman Lawn (CIT)

Parking Lot (JPL)

Dirt Track (JPL)
Initial Converged

CIT mean

H2O consistency

Surface reflectance fidelity
⇢̂s Mean Error ⇢̂s Spectral Angle

Feature Site Initial Algebraic Posterior Initial Algebraic Posterior

I. Ivanpah Playa1 Ivanpah 0.0077 0.0079 0.0075 0.0215 0.0212 0.0199

II. Green Artificial Turf CIT 0.0097 0.0098 0.0092 0.0961 0.1185 0.0687

III. Red Artificial Turf CIT 0.0085 0.0080 0.0064 0.0779 0.0777 0.0339

IV. Lawn Grass CIT 0.0110 0.0115 0.0104 0.0593 0.0611 0.0369

V. Parking Lot JPL 0.0055 0.0056 0.0054 0.1016 0.1024 0.0918

VI. Dirt Track JPL 0.0221 0.0200 0.0195 0.0455 0.0502 0.0338

Table 3: Errors vs. reference targets. 1 Ivanpah Playa was used as a calibration case for fitting and confirming observation noise models.

Feature Site >50% CI >95% CI

I. Ivanpah Playa Ivanpah 23.22% 0.00%
II. Green Artificial Turf CIT 41.18% 0.62%
III. Red Artificial Turf CIT 6.50% 0.00%
IV. Lawn Grass CIT 10.84% 1.55%
V. Parking Lot JPL 3.10% 0.00%
VI. Dirt Track JPL 63.47% 0.31%

Table 4: Fraction of empirical discrepancies outside predicted 50% and 95%
confidence envelopes.

Feature Site Degrees of Freedom (DOF)

I. Ivanpah Playa Ivanpah 245.00
II. Green Artificial Turf CIT 264.87
III. Red Artificial Turf CIT 260.38
IV. Lawn Grass CIT 295.36
V. Parking Lot JPL 227.36
VI. Dirt Track JPL 242.35

Table 5: Degrees of Freedom (DOF) in retrieval as given by the trace of A at
the solution state.

DOF values are less than unity due to the influence of adjacent
channels on each other via the smooth prior, model unknowns,
and the measurement noise produced by the physical system.

Table 5 lists the total DOF in each retrieval based on the trace
of A calculated at the solution state. Values range from 242
for the dark parking lot surface to over 295 for the lawn grass
surface. This shows the influence of signal levels, which change
the SNR, as well as the prior information for each surface. Not
surprisingly, the two artificial turf spectra (targets II and III)
show similar total degrees of freedom, as do the two soil spectra
(targets I and VI). One would expect values less than 425 due to
the presence of opaque deep water bands. Values approaching
295 indicate that the measurement method is e�cient; for an
instrument of this SNR, there is little redundancy in the model
parameters or the AVIRIS-NG 5 nm sampling.

Next, Figure 12 shows three specific rows of the A matrix.
These averaging kernels represent state vector elements’ sen-
sitivity to the true state vector. Di↵erent colors show sensi-
tivity of reflectances at 400 and 1650 nm channels, and of
the H2O column. The 400 nm channel has low irradiance
and reflectance, with considerable interference by atmospheric
molecular and particle scattering. As a result, this reflectance
is influenced to some extent by neighboring wavelengths. The
1650 nm case shows an instance with high reflectance and SNR,
good transfer of the true state reflectance to the retrieved re-
flectance, and minimal influence by adjacent channels. Finally,
the H2O retrieval is sensitive to the signal in water absorption
features as expected. Note that it draws information from the

entire spectrum, including the edges of deep water features.
Slopes near these features can be interpreted, depending on
their direction and position, either as changing reflectance out-
side the absorption, in which case they are positively correlated
with H2O, or as lying within the absorption area, in which case
they are negatively correlated with H2O. In the vegetation spec-
trum with strong constraints on shortwave reflectance shape,
even dense water lines in the 2000—2500 nm contribute signif-
icantly to the retrieval. A powerful feature of the OE method is
this ability to extract atmospheric information optimally from
across the entire spectrum that is appropriate to the surface
at hand, and without having to define retrieval subwindows or
other heuristics.

Finally, we decompose the posterior uncertainty into mea-
surement and smoothing errors using Equation 8. Figure 13
shows the square root of the Ŝ diagonal, written �̂, represent-
ing the standard deviation of the marginal state vector posterior
uncertainties. Colored lines show the portion �n due to mea-
surement noise and the portion �m due to smoothing. Note that
smoothing is generally higher in areas of low signal, such as
the ultraviolet bands near 400 nm and the shortwave infrared
near 2500 nm, where the reflectance retrieval relies more heav-
ily on prior information. Smoothing error is also higher in wa-
ter vapor features; these have higher systematic RT uncertainty
and lower signal, so adjacent wavelengths are more tightly cou-
pled. Note that the smoothing error is lowest in cases where
there are dramatic changes in reflectance, such as the Beckman
Lawn surface’s “red edge” absorption peak at 690 nm. Vegeta-
tion reflectances have weak correlations between the channels
on either side of this edge feature. The retrieval respects this
independence and preserves the contrast of this important fea-
ture. As before, we plot a rescaled version of ⇢̂s as a light grey
line for reference.

6. Discussion

This study demonstrates that simultaneous estimation of sur-
face and atmosphere is a practical solution to atmospheric cor-
rection of VSWIR imaging spectrometer data. It provides sev-
eral novel contributions to the existing literature. First, to our
knowledge, this study is the first example of an OE retrieval
that can estimate arbitrary reflectance profiles making it a rea-
sonable alternative to conventional atmospheric correction. We
provide a novel surface parameterization based on a mixture of
Multivariate Gaussians that can exploit constrained surfaces to
improve atmospheric retrievals, while preserving flexibility for
novel or rare spectra. Second, we provide a full uncertainty

12

From Thompson et al., RSE (in review)



Posterior uncertainty 
compared to actual 
discrepancies 
[Thompson et al., Remote Sensing of Environment 2018]
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Karnataka test procedure
An AVIRIS-NG overflight took 
place on 10 January 2016, with 
an in-situ team measuring crop 
canopy reflectance and 
atmospheric AOD 

The top-of-canopy reflectance 
measurements excluded soil 
around and between the plants, 
which was significant at 8m 
GSD.

Consequently we constructed 
nonnegative geographic mixing 
models using existing libraries of 
soil and NPV spectra

We elected two in-situ spectra 
for that had good model 
reconstructions
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MCMC Sampling
OE Uncertainties are calculated in closed 
form using local linearity assumptions.  
To characterize the error more precisely, we 
sample directly from the posterior distribution 
using Markov Chain Monte Carlo sampling.
We use a Metropolis-Hastings formalism with 
a proposal distribution based on the 
linearized posterior error predictions.
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Overall, alignment with ground truth is quite good.
Linearized estimates are a good proxy for the MCMC posterior.



Karnataka test results
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Karnataka test results 
We compare 
new results with 
the standard L2 
atmospheric 
correction 
methods

Spectral angles 
indicate the 
fidelity of the 
spectral shape 
match to the in 
situ model

Lower scores 
are better
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Next steps
• Assessment of atmospheric residuals and 

AOD on all India sites
• Spatial inference of smooth atmospheric 

fields via Gaussian Process Priors
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Code and examples are 
available online

https:/github.com/isofit/isofit

New collaborators and contributors are welcomed
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Speeding up the forward model

reflection

scattering

absorption

RTM

images: Mishra et al., Heliyon 2015, wikimedia
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Speeding up the forward model
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scattering
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Operational Considerations: 
Data Volume of Uncertainties
It is not necessary to distribute the full error covariances for 
each spectrum– a few eigenvalues are enough.

8/20/20
david.r.thompson@jpl.nasa.gov 36

2 4 6 8 10 12 14 16 18 20
�������� 	���
 �� 
�

0

0.5

1

1.5

Ei
ge

nv
al

ue
 (s

qu
ar

e 
ro

ot
) �10-3



Operational 
Considerations: 
Smoothing error
General purpose products (i.e. for broad 
distribution) can use unconstrained surfaces, 
decorrelating wavelengths outside atmospheric 
intervals to:
• Preserve the numerical proportion between 

neighboring wavelengths, facilitating 
downstream calculation of gain corrections 
or PLSR coefficients

• Eliminate any chance of “missing” 
unanticipated features

• Preserve the ability to calculate uncertainties

Investigators could still use custom surface 
models for specific studies
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“Averaging Kernels”
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Rows of the A matrix show sensitivity of the retrieval to 
different elements of the true state
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E.G. The H2O estimate transparently leverages information 
across the VSWIR spectrum (though mostly in the strong 
absorption features)
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Posterior Error decomposition
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Uncertainty due to 
observation noise

Uncertainty due to 
resolution of the retrieval
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affect reflectance retrievals?
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Case Original-RSE OE-RSE Original-SA OE-SA

I 0.034 0.035 0.0069 0.0067

II 0.030 0.014 0.0063 0.0031



Surface reflectance model
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A Mixture of Gaussians, trained on a diverse library spectra courtesy EcoSIS, 
Dar Roberts (Santa Barbara) and Phil Dennison (University of Utah). 
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Posterior uncertainty compared 
to actual discrepancies 
[Thompson et al., Remote Sensing of Environment 2018]
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